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(57) ABSTRACT 

An extended partial least squares (EPLS) approach for the 
condition monitoring of industrial processes is described. 
This EPLS approach provides tWo statistical monitoring 
charts to detect abnormal process behaviour as Well as 
contribution charts to diagnose this behaviour. A theoretical 
analysis of the EPLS monitoring charts is provided, together 
With tWo application studies to shoW that the EPLS approach 
is either more sensitive or provides easier interpretation than 
conventional PLS. 
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MULTIVARIATE STATISTICAL PROCESS 
MONITORS 

This invention relates to multivariate statistical process 
monitors. The term ‘process’ is used in a broad control 
theory context to include controlled devices, plant and 
controlled systems generally. 

INTRODUCTION 

1.1 Background of the Invention 
The detection and diagnosis of abnormal situations in the 

operation of industrial processes is a problem of consider 
able challenge that is attracting Wide attention in both 
academe and industry. [Nimmo, 1995] outlined that, on its 
oWn, the US based petrochemical industry could save up to 
$10b per year if abnormal situations could be detected, 
diagnosed and appropriately dealt With. The consequences 
of not being able to detect such issues can range from 
increased operational costs in the running of a process to loss 
of production because of disastrous failure of the entire 
plant. 

The task of detecting and diagnosing industrial processes, 
Whether continuous or batch, is di?‘icult. This is because 
industrial processes often present a large number of process 
variables, such as temperatures, pressures, ?oW rates, com 
positions, etc. Which are regularly recorded up to several 
thousand times a day [Piovoso, 1991], [Kosanovich, 1992]. 
This very large amount of data is di?‘icult to analyse and 
interpret simply by observation. Furthermore, it is also often 
the case that the process variables are highly correlated 
[MacGregor, 1991] and hence the number of degrees of 
freedom Within the process is considerably smaller than the 
number of observed process variables. This makes it dif?cult 
for even an experienced operator to interpret cause and effect 
interaction by eye. HoWever, the recorded data has embed 
ded Within it the substance for revealing the current state of 
process operation. The dif?cult issue is to extract this 
substance from the data. 

To address this issue of detection and diagnosis, Multi 
variate Statistical Process Control (MSPC) approaches have 
been successfully employed [Kresta, 1991], [MacGregor, 
1995], [Kourti, 1995]. The MSPC techniques aim to suc 
cessively reduce the number of variables Which are required 
to describe signi?cant variation of the process. The recorded 
data are thereby compressed into a set of feWer variables 
Which are accordingly more manageable and interpretable. 
One such MSPC approach is Partial Least Squares (PLS) 

Which Was pioneered by H. Wold in the mid 1960s [Geladi, 
1988]. The ?rst publications on PLS Were presented in 1966 
[Wold, 1966a; 1966b]. The PLS method identi?es a para 
metric regression matrix based upon predictor and response 
matrices that are constructed from reference data of the 
process. The predictor matrix is comprised of the signals of 
the manipulated and measured disturbance or cause vari 
ables of the process (predictor variables), Whilst the response 
matrix is comprised of the controlled or effect variables of 
the process (response variables). The PLS algorithm decom 
poses the predictor and response matrices into rank one 
component matrices. Each component matrix is composed 
of a vector product in Which one vector describes the 
variation (score vector) and the other the contribution (load 
ing vector) of the score vector to either the predictor or 
response matrix. The decomposition is an iterative approach 
for Which a pair of component matrices (one for the predic 
tor and one for the response) is calculated at each iteration 
step. The regression matrix is updated at each iteration step 
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2 
as a result of this decomposition. The data reduction is 
achieved by compressing the variation of the predictor and 
response variables doWn to the smallest number of score 
vectors that are able to effectively describe process behav 
iour. The selection of the number of component matrices that 
need to be retained is a trade off betWeen maximising the 
variation explained in the predictor and response matrices 
and minimising the number of component matrices. Cross 
Validation [Wold, 1978] is most commonly used to de?ne 
the number of component matrices to be retained, e.g. 
[MacGregor, 1991, 1995], [Morud, 1996]. 

[MacGregor, 1995] and [Wise, 1996] established that the 
PLS decomposition of the predictor matrix can be employed 
for the condition monitoring of continuous industrial pro 
cesses. They also highlight that this decomposition is similar 
to a Principal Component Analysis (PCA) of the predictor 
matrix. PLS decomposition of the predictor matrix alloWs 
the calculation of tWo statistics. The ?rst statistic (the T 
squared statistic) describes variation of the predictor matrix 
that is signi?cant for predicting the response variables. In 
contrast, the second statistic (the Q statistic) corresponds to 
variation in the predictor matrix, Which is insigni?cant for 
predicting the response variables. Both statistics may be 
plotted in statistical monitoring-charts With a time base. This 
approach is hereinafter referred to as ‘approach I’. 

Another approach for exploiting PLS as a condition 
monitoring tool is discussed for instance in [MacGregor, 
1991] and [Kresta, 1991]. In this approach, several statistical 
plots are used to detect and diagnose abnormal process 
behaviour. The plots are: 

x-y plots of the squared prediction error of the response 
variables versus the score values of each score vector 

representing the predictor variables (monitoring 
charts), 

plots of each combination of tWo score vectors represent 
ing the predictor variables (scatter plots) and 

plots of the squared prediction error of either the predictor 
or response variables versus time (SPE charts). 

This approach is hereinafter referred to in this description 
as ‘approach II’. 

1.2 Summaries of the Invention 
In the folloWing description, an extension to the standard 

PLS algorithm, hereinafter referred to as the ‘extended PLS’ 
or ‘EPLS’, is set forth for continuous processes. This exten 
sion results in the determination of tWo neW PLS scores 
based on the score vectors of the predictor matrix. The neW 
PLS score vectors are denoted as generalised score vectors. 
The ?rst generalised score vector describes signi?cant varia 
tion of the process including the predictor and response 
variables. The second generalised score vector represents 
the prediction error of the PLS model and residuals of the 
predictor matrix. The EPLS approach gives rise to monitor 
ing charts for T squared and Q Which are similar to those 
obtained from PCA When both predictor and response vari 
ables are analysed by PCA. This is distinct from the standard 
PLS approach Which only analyses the predictor variables 
and therefore gives no insight into the behaviour of the 
response variables unless there is feedback in the process. 
The advantage of the EPLS monitoring charts is therefore 

that they represent variation of the predictor and response 
variables together With their residuals. This improves the 
monitoring charts of approach I Which only describe varia 
tion and residuals of the predictor variables. In contrast to 
approach II, EPLS provides the capability to monitor the 
process on just tWo charts, rather than the number of charts 
being dependent upon the number of component matrices. 
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According to one aspect of the present invention a method 
of designing/con?guring a multivariate statistical process 
monitor by a partial least squares approach comprises con 
structing from reference data of the process predictor and 
response matrices, the predictor matrix being comprised of 
signals of the manipulated and measured disturbance or 
cause variables of the process (predictor variables), and the 
response matrix being comprised of the controlled or effect 
variables of the process (response variables), decomposing 
the predictor and response matrices into rank one component 
matrices, each of said component matrices being comprised 
of a vector product in Which one vector (the score vector) 
describes the variation and the other (the loading vector) the 
contribution of the score vector to the predictor or response 
matrix, decomposition being performed by the creation of a 
parametric regression matrix based upon iterations of the 
decomposition of the predictor and response matrices, char 
acterised by the creation of a ?rst generalised score vector 
Which describes any signi?cant variation of the process 
including variations of the predictor and response variables, 
and a second generalised score vector Which represents the 
prediction error of the partial least squares model and 
residuals of the predictor matrix. 

Preferably the generalised scores are calculated by con 
structing an augmented matrix, denoted here by Z and of the 
form 

Where X is the predictor matrix and Y is the response matrix, 
and constructing a score matrix Tn:T*n—E*n in Which T*n 
and E’l‘n are generally of the form: 

the columns of the matrix T*n providing the generalised 
t-scores and the columns of the matrix E*n the generalised 
residual scores, Where i”; denotes an M><M identity matrix, 

BPLS(”) is the PLS regression matrix. 
According to a second aspect of the invention We provide 

a multivariate statistical process monitor Which has been 
designed/con?gured in accordance With the ?rst aspect of 
the invention and Which is so arranged as to identify 
abnormal process behaviour by analysing the residuals of 
the response variables. 

According to a third aspect of the invention We provide a 
method of monitoring a process Which comprises con?gur 
ing a multivariate statistical process monitor by the method 
of the ?rst aspect of the invention, and identifying abnormal 
process behaviour, at least in part, by analysing the residuals 
of the response variables. 

The invention Will noW be further described, by Way of 
example only, With reference to the accompanying Figures 
Which shoW: 

FIG. liSchematic Diagram Of The Fluid Catalytic 
Cracking Unit, 

FIG. 2iSchematic Diagram of one Fluidised Bed Reac 
tor and its adjacent Units 

Figures for Fluid Catalytic Cracking Unit Without Con 
troller Feedback in Predictor Matrix: 

FIG. 3iStatistics Monitoring Charts for Normal Oper 
ating Data (Upper Charts represent the PLS Monitoring 
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4 
Charts -PLS-T2 and -Q statistic- and LoWer Charts shoW the 
EPLS Monitoring Charts -EPLS-T2 and -Q statistics-), 

FIG. 4iStatistical Monitoring Charts for the Unmea 
sured Disturbance (Upper Charts represent the PLS Moni 
toring Charts -PLS-T2 and -Q statistic- and LoWer Charts 
shoW the EPLS Monitoring Charts -EPLS-T2 and -Q statis 
tic) 

FIG. SiError Contribution Chart for Time Instance 
11460 min. The O2 and CO Concentration in the Stack Gas 
FloW have the largest Prediction Error 

FIG. 6iStatistical Monitoring Charts for the Change in 
the Regenerated Catalyst FloW into Reactor (Upper Charts 
represent the PLS Monitoring-Charts -PLS-T2 and -Q sta 
tistics- and LoWer Charts shoW the EPLS Monitoring Charts 
-EPLS-T2 and -Q statistic-) 

FIG. 7iError Contribution Chart for the Change of the 
regenerated Catalyst FloW to Reactor at Time Instance 
19357 min. The Standpipe Catalyst Level and O2 Concen 
tration in Stack Gas are mostly affected, 

Figures for Fluid Catalytic Cracking Unit With Controller 
Feedback in Predictor Matrix: 

FIG. 8iStatistical Monitoring-Charts for Unmeasured 
Disturbance (Coking Factor); Predictor Variables include 
the Wet Gas Compressor Suction Valve (Upper Charts 
represent the PLS Monitoring Charts -PLS-T2 and -Q sta 
tistic- and LoWer Charts shoW the EPLS Monitoring Charts 
-EPLS-T2 and -Q statistic-) at Time Instance 19357 min. 

FIG. 9iStatistical Monitoring-Charts for the Change of 
the regenerated Catalyst How to the Reactor; Predictor 
Variables include the Wet Gas Compressor Suction Valve 
(Upper Charts represent the PLS Monitoring Charts -PLS-T2 
and -Q statistic- and LoWer Charts shoW tge EPLS Moni 
toring Charts -EPLS-T2 and -Q statistic-) 

Figures of the Fluidised Bed Reaction Process: 
FIG. 10iStatistics Monitoring Charts for Normal Oper 

ating Data (Upper Chart represent the PLS Monitoring Chart 
-PLS-T2 and -Q statistic- and LoWer Charts shoW the EPLS 
Monitoring Charts -EPLS-T2 and -Q statistic-) 

FIG. lliStatistical Monitoring Charts for the Unmea 
sured Disturbance; (Upper Chart represent the PLS Moni 
toring Chart -PLS-T2 and -Q statistic-, LoWer Charts shoW 
the EPLS Monitoring Charts -EPLS-T2 and -Q statistic-) 

FIG. 12iEC-Charts for Steam Pressure Upset at Time 
Instances 1500 min (upper Left plot), 1501 min (loWer Left 
plot) and 1502 min (upper right plot) 

FIG. 13iStatistical Monitoring Charts for an abnormal 
behaviour of one of the tubes. (Upper Chart represent the 
PLS Monitoring Chart -PLS-T2 and -Q statistic- LoWer 
Charts shoW the EPLS Monitoring Charts -EPLS-T2 and -Q 
statistic-) 

FIG. 14iEC-Char‘ts for Fluidisation Problem in one of 
the Tubes at Time Instances 436 min (upper left chart), 888 
min (upper right chart), 905 min (loWer left) and 910 min 
(loWer right chart) 
To demonstrate the usefulness of the EPLS monitoring 

charts, and to make comparison With approach I, tWo case 
study examples Will noW be considered. For each, tWo 
typical conditions for abnormal behaviour are generated, 
Which describe the impact of an unmeasured disturbance as 
Well as an “internal” change of the process behaviour. The 
example processes are the simulation of a ?uid catalytic 
cracking unit (FCCU) introduced by [McFarlane, 1993] and 
a real industrial process that produces tWo different solvents 
as a result of a complex chemical reaction carried out in a 
?uidised bed reactors. 
The organisation of the folloWing description is as fol 

loWs. In section 2 both the standard PLS algorithm and the 
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new EPLS algorithm are described and compared. Section 3 
introduces the condition monitoring statistics associated 
With these tWo approaches. Section 4 presents the applica 
tion case studies to give example of the bene?ts of EPLS. 

2 Partial Least Squares Algorithms 
2.1 The Standard PLS Algorithm 
The standard PLS identi?cation technique relies on 

decomposing the predictor matrix, XOERKXN, and the 
response matrix, YOERKXN to a sum of rank one component 
matrices, [Geladi, 1986]. Both matrices contain K data 
points, the predictor matrix consists of M variables and the 
response matrix N variables. Both matrices are usually mean 
centred and appropriately scaled prior to the identi?cation 
procedure. The decomposition of both matrices is as fol 
loWs: 

(1) 

Where X1 and Y1 are the component matrices of the predictor 
and response matrix, respectively. According to equation 
(1), the rank one matrices can be calculated as a vector 
product betWeen t1 and £11, de?ned as score vectors or latent 
variables (LVs), and p1 and ql, de?ned as loading vectors. M 
is equal to the number of predictor variables and EM 
represents the prediction error of the process model. Note 
that if all component matrices are included, the predictor 
matrix is equal to the matrix decompositions. If only n 
component matrices are included then equation (1) becomes: 

(2) 

in Which F” represents the residuals of the predictor matrix. 
The predicted u-scores, 131, can be determined by the fol 
loWing multiplication: 

Un:[l1b1..' . . . .fznbnprndiagwn}, (3) 

Where diag{bn} is a diagonal matrix containing the regres 
sion coef?cients, b l, of the score model in successive order. 
A theoretical analysis of the PLS algorithm can be found in 
the Appendix 1. Different approaches have been introduced 
to determine the score and loading vectors, Which are the 
LSQR algorithm [Manne, 1987], the NIPALS algorithm 
[Geladi, 1986], the SIMPLS algorithm [de Jong, 1993] and 
others. 

Because of the fact that industrial processes often have 
strongly correlated process variables, only a feW LVs may be 
needed to describe most of the process variation. In contrast, 
the remaining pairs of LVs basically accommodate noise and 
insigni?cant variation in X0 and Y0, [Geladi, 1986], 
[MacGregor, 1991] and [Wise, 1996]. To determine the 
number of LVs to be retained, Cross Validation [Wold, 1978] 
and analysis of variance (ANOVA) [Jackson, 1991] have 
been discussed. 
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6 
2.2 Derivation of the EPLS Algorithm and the Genera 

lised Scores 
The EPLS algorithm generates scores Which represent the 

variation of the predictor and response variables as Well as 
their residuals and they are referred to as generalised scores. 
These scores provide the basis for more effective process 
condition monitoring than the existing approaches, Which 
are mainly based on scores that describe variation in the 
predictor variables only. The generalised scores are calcu 
lated after the Weight and loading matrices are determined 
(see Appendix 1) and rely on augmenting the response 
matrix to the predictor matrix. The augmented matrix is 
denoted by Z and is de?ned as folloWs: 

Note that the subscription 0 on both matrices is omitted. 
This is because the derivation of the generalised scores relies 
on the standard PLS algorithm and the de?ation procedure 
is not required to be carried out again. 
From equation (4), subtracting the predicted response 

matrix, Y”, and the reconstructed predictor matrix, X”, With 
n LVs retained, gives rise to the folloWing expression: 

[YI-IQ-LI‘Y.FX.JI/E.FF.1, (5) 

where E” is the prediction error of the response matrix and 
F” represents the residuals of the predictor matrix. By 
incorporating equations (2) and (3), equation (5) can be 
reWritten as: 

As shoWn in Appendix 2, the matrix product PM7 With the 
PLS regression matrix, B H304), retaining n LVs, is equal to 
the matrix product of the diagonal matrix diag{bn} and Q47. 
Integrating this result in equation 6 yields: 

[YFX]—T..P.7LBPLS<">F%J:/E.Fm. <7) 

Where i”; denotes an M><M identity matrix. Carrying out a 
post-multiplication of equation (7) by the generalised 
inverse of [BPLS: gs] provides: 

[YI-XJ/BPLSWEYYP-RPJI/EJANBPLS.5w, (8) 

Where i denotes the generalised inverse. As shoWn in 
Appendix 3, the post-multiplication of equation (8) by R” 
(see Appendix 1) leads to a formula for calculating the 
scores of the predictor matrix, T”: 

In equation (9), the score matrix Tn is equal to the 
difference of tWo matrices. The ?rst matrix relates to the 
predictor and response matrix and the second matrix 
depends on the prediction error of the response matrix and 
the residuals of the predictor matrix. The matrix [En : FM] is 
referred to as the augmented residual matrix to F”. De?ning 
the_ matrix [BPLS(”):$]iRn as CH5“), the resultant matrix 
[Y : X]CPLS(”) as T*n and the matrix product [En : FM]CPLS(”) as 
E*n simpli?es equation (9) to: 

Tim-E3. (10) 

The columns of the matrix T*n are further referred to as 
the generalised t-scores Whilst the columns of the matrix E*n 
are denoted as generalised residual scores. For process 
condition monitoring, equation (10) provides scores, Which 
describe process variation contained Within the absolute 
values of the predictor and the response matrix, as Well as 
the prediction error matrix, E”, and the residuals of the 
predictor matrix, F”. 
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The next section describes the derivation of statistics for 
T*n and E*n, Which can be plotted versus time in univariate 
monitoring charts. 

2.3. Comparison With the Approaches I and II to Process 
Condition Monitoring 
As mentioned above, the existing approaches to process 

condition monitoring are mainly based on the t-scores. 
[MacGregor, 1995] and [Wise, 1996] outlined that in 
approach I, the discarded and the retained t-scores form the 
basis for tWo monitoring charts Which are discussed in the 
next subsection. Although successful applications of 
approach I have been discussed, e.g. [Kour‘ti, 1995], [Wise, 
1996] and [Morud, 1996], they do not necessarily detect 
every kind of abnormal process behaviour. This is particu 
larly true if: 
1) Abnormal process behaviour affects mainly the response 

variables that are not under closed-loop control. In this 
case, the abnormal behaviour does not propagate through 
to the predictor variables by controller feedback and 
therefore remains undetected. With EPLS, the variation in 
the response variables Will be apparent. 

2) The response variables are highly correlated but the 
predictor variables are not. In this case, only one statis 
tical chart can be obtained for the standard PLS approach, 
the T squared chart. With EPLS both charts remain 
relevant, irrespective of the number of LVs retained. 
Approach II relies on scatter-plots and x-y charts of the 

SPE versus individual t-scores and SPE charts, e.g. 
[MacGregor, 1991] and [Kresta, 1991]. If the process con 
sists of a large number of highly correlated process vari 
ables, e. g. a hundred or more, the number of required scores, 
hoWever, can be still large for capturing signi?cant process 
variation. In consequence, With these other approaches, a 
large number of charts may be required and the situation Will 
be cumbersome to analyse. In contrast EPLS only requires 
tWo charts irrespective of the dimension of the problem and 
the number of LVs selected. 
One could also use the SPE chart of response variables in 

addition to approach I to overcome these above de?ciencies. 
HoWever, this Would require at most three monitoring charts 
and the variation of the response variables is not accumu 
lated in any of these charts. In contrast, the generalised 
scores only require tWo monitoring-charts and one of the 
generalised scores captures the variation of the response 
variables. It should ?nally be noted that incorporating the 
generalised scores for process condition monitoring is simi 
lar to the Way in Which PCA is employed for monitoring 
industrial processes [Jackson, 1991]. 

3 Statistics of the PLS and EPLS Approach 
3.1 Statistics for PLS 
For approach I, tWo statistical monitoring charts can be 

obtained based on the decomposition of the predictor matrix. 
The ?rst monitoring chart is related to the retained t-scores 
and describes signi?cant contribution for the prediction of 
response matrix. The second chart is associated With the 
variation of the predictor matrix that is captured by the 
discarded t-scores. The discarded t-scores describe insigni? 
cant and uncorrelated contribution toWards the prediction of 
the response matrix. HoWever, in the case Where all predic 
tor variables contribute signi?cantly toWards the variation of 
the response variables each t-score has to be retained. 
Hence, there are no t-scores left for computing the second 
monitoring chart. 

The ?rst monitoring chart is based on a statistic, Which is 
denoted as PLS-T2 statistic and the second monitoring chart 
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8 
relates to a statistic, referred to as PLS-Q statistic. Both 
statistics are de?ned as folloWs: 

Where HST]? and PLSQk represents the PLS-T2 and -Q 
statistic. Furthermore, tkl- denotes the value of the ith t-score 
at time instance k and 101., the standard deviation of the ith 
score vector of the predictor variables of the reference data. 
fkl. represents the residuals of the ith predictor variable at time 
instance k and X0,- is the standard deviation of the ith residual 
variable of the reference data. The notation T2 and Q have 
been chosen according to Hotelling’s T2 and Q statistic used 
in PCA. Each statistic can be plotted in a monitoring chart 
versus time. It should be noted that the normalisation of tkl. 
and fkl- is essential to provide a sensitive statistic. If this is not 
done then the t-scores With a large variance, usually the ?rst 
feW, dominate the resultant value of the PLS T2 and the 
residuals of the predictor variables that have a large variance 
overshadoW residuals With relatively small variance. A fault 
condition that affects primarily the t-scores or residuals, 
Which have small variations, may remain undetected in this 
case. Furthermore, in relation to the sum of stochastic 
variables With Zero mean and unit variance (Chi-Squared 
Distribution), the statistical estimation of thresholds can be 
used. 

If exceptionally large PLS-T2 values occur then the over 
all process variation is unusually large compared With the 
reference data of the process. This implies that the general 
process behaviour has considerably changed or the process 
has moved to a neW operating region. In contrast, unusually 
large PLS-Q values indicate that the relationships betWeen 
the predictor variables have changed relative to the relation 
ship prevalent With the reference data. 

3.2 Statistics for EPLS 
Compared to the standard t-scores, the statistical proper 

ties of the generalised scores are summarised beloW. 
1) The generalised t-scores as Well as the generalised 

residual scores are mean centred if the columns in the 
predictor and the response matrix have been mean centred 
prior to the PLS identi?cation. 

2) The t-scores of the standard PLS algorithm are orthogonal 
[Hoskuldsson, 1988]. In contrast to the standard t-scores, 
With EPLS both score types are not orthogonal irrespec 
tive of the number of retained LVs. A proof is provided in 
Appendix 4. 
To analyse the generalised scores for process condition 

monitoring, it is desirable to have statistically independent 
scores, Which requires orthogonality. In order to achieve 
orthogonal scores, a singular value decomposition (SVD) 
[Golub, 1996] of the generalised scores can be applied, 
Which results in: 

E*.IV.<E*>A.<E*>W.<E*>I, (12) 

Where Vnm‘), Anm‘), and Wnm‘) describe the SVD of the 
generalised t-scores and Vn(E*), An(E*), and WW0?) represent 
the SVD of the generalised residual scores. The dimension 
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of these matrices are as follows, Vnm‘) and Vn(E*) are K><n 
matrices and AMT‘) An(E*), Wnm‘) and WW0?) are n><n matri 
ces. The columns of the matrices Vnm‘), Vn(E*), Wnm‘) and 
Wn(E*) are orthonormal and Anm‘) Ana") are of diagonal 
type. Based on the SVD of the generalised score matrices of 
the reference data, the following relationship provides 
orthogonal scores: 

f/,,<E*>:E *n Wn<E*>An<E*>’lv?, (13) 

in Which Vnm‘) and Vn(E*) represent orthogonal T*n and E*n 
scores With unit variance, r_espectively_. Including equation 
(13), the orthogonal scores Vnm‘) and Vn(E*) can be directly 
calculated from the augmented data and error matrix, [Y : X] 
and [EnzFn], as: 

For the generalised score vectors of the ith data point, 
WP‘) and jaw‘), the sum of the squared elements may be 
used to de?ne a univariate statistic for each vector. These 
statistics are denoted as FT2 and E*T2. FT2 and E*T2 
represent the EPLS-T2 and the EPLS-Q statistic and are 
de?ned as folloWs: 

(14) 

1:1 

Under the assumption that gym) and l?/(E? are stochastic 
variables, both statistics have a Chi-Squared distribution 
With n degrees of freedom, Which provides the con?dence 
limits for testing Whether the process behaves normally or 
abnormally. The con?dence limits are usually selected to 
include 95% and 99% of the population (EPLS-T2 or -Q 
values). If a neW EPLS-T2 or Q value is beloW the limit, the 
hypothesis that the process behaves normally is accepted, 
otherWise it is rejected and the accepted hypothesis is that 
the process is behaving abnormally. 

Abnor'mally large EPLS-T2 and/or -Q values may occur if 
the relationship betWeen the predictor and response vari 
ables, represented by the parametric regression matrix has 
changed (e.g. time variant process) or the disturbance sta 
tistics have changed. Other reasons may be that the process 
is operating at a different operating point, excessive varia 
tion of the process has occurred, Which Was not present in 
the reference data, or abnormal process behaviour has 
occurred. The hypothesis test is therefore a comparison 
betWeen the current process operation and the process 
operation captured in the reference data. Note that the 
reference data describe the process under normal operation 
and must capture every variation that can occur under 
normal operation otherWise, the statistical hypothesis test 
Will be too sensitive. 

[Wise, 1996] emphasised that the T2 statistics, in particu 
lar, may not be normally distributed. [Dunia, 1996] analysed 
the in?uence of an Exponential Weighted Moving Average 
(EWMA) upon the Q statistic incorporating PCA. It Was 
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10 
found that the Average Run Length (ARL)ias the average 
time passed until an abnormal process behaviour is 
detectedifor detecting faulty conditions on sensors could 
be reduced by invoking the EWMA Q-statistic. In this 
description, an EWMA approach is applied to the PLS-Q 
and the EPLS-Q statistic. For these reasons, each con?dence 
limit is empirically determined in this description as sug 
gested by [Box, 1978]. 
The diagnosis of detected abnormal process behaviour 

can be carried out by analysing the residuals of the response 
variables. These residuals can be plotted at each instance in 
time in a bar chart. A large residual of a particular response 
variable is considered to be affected by the abnormal process 
behaviour and vice versa. Furthermore, [Kourti, 1995] out 
lined that a bar chart can also be produced by the residuals 
of the predictor variables at each instance in time. If the 
residual of a speci?c predictor variable is larger then this 
variable is considered also to be affected by the abnormal 
process behaviour. The “largeness” of the residuals of a 
particular predictor or response variable is relative to the 
residuals of other predictor and response variables. A com 
parison of the current residuals has also to be carried out 
relative to the residuals of the reference data. The bar plots 
are further referred to as the Error-Contribution Charts 

(EC-Charts)4one for the response and one for the predictor 
variables. The bar heights represent thereby the squared 
residuals of the response variables and the squared residuals 
of the predictor variables. In order to compare these values 
With each other statistically, a normalisation has to be carried 
out. If not, a response variable that cannot be predicted as 
Well as others, for example, Will on average cause larger bars 
relative to the other response variables and vice versa. 

4. Case Studies 
4.1 Fluid Catalytic Cracking Unit 
A ?uid catalytic cracking unit or FCCU is an important 

economic unit in re?ning operations. It typically receives 
several different heavy feedstocks from other re?nery units 
and cracks these streams to produce lighter, more valuable 
components that are eventually blended into gasoline and 
other products. The particular Model IV unit described by 
[McFarlane, 1993] is illustrated in FIG. 1. The principal feed 
to the unit is gas oil, but heavier diesel and Wash oil streams 
also contribute to the total feed stream. Fresh feed is 
preheated in a heat exchanger and furnace and then passed 
to the riser, Where it is mixed With hot, regenerated catalyst 
from the regenerator. Slurry from the main fractionator 
bottoms is also recycled to the riser. The hot catalyst 
provides the heat necessary for the endothermic cracking 
reactions. The gaseous cracked products are passed to the 
main fractionator for separation. Wet gas off the top of the 
main fractionator is elevated to the pressure of the lights end 
plant by the Wet gas compressor. Further separation of light 
components occurs in this light ends separation section. 
The selected predictor variables for the FCCU case study 

are given in table 1. 

TABLE 1 

Selected Predictor Variables for FCCU Case Study 

PREDICTOR VARIABLES SIGNAL 

Wash Oil FloWrate 
Diesel FloWrate 
Total Fresh Feed 
Slurry FloWrate 
Preheater Outlet Temperature 

Constantly Zero at all Time 
ARMA Sequence 
ARIMA Sequence 
ARIMA Sequence 
ARIMA Sequence 
















